Knowledge capture mechanisms in bioventure corporations by Schoen, Antoine et al.
  
Knowledge Capture Mechanisms in Bioventure Corporations1
Thomas Gurney,* Antoine Schoen,** Edwin Horlings,* Koichi Sumikura,*** Patricia Laurens,** 
Peter van den Besselaar**** and Daniel Pardo***** 
 
 
* t.gurney@rathenau.nl; e.horlings@rathenau.nl 
Rathenau Instituut, Science System Assessment, Anna van Saksenlaan 51, 2593HW Den Haag, Netherlands 
 
** a.schoen@esiee.fr; p.laurens@esiee.fr 
Université Paris-Est, ESIEE-LATTS-IFRIS, 2, bd Blaise Pascal, Noisy Le Grand, 93160, France 
 
*** sumikura@grips.ac.jp 
GRIPS - National Graduate Institute for Policy Studies, 7-22-1 Roppongi, Minato-ku, Tokyo 106-8677, Japan 
 
**** p.a.a.vanden.besselaar@vu.nl 
Network Institute & Department of Organization Science, VU University Amsterdam, De Boelelaan 1081, 1081 HV 
Amsterdam, Netherlands 
 
***** daniel.pardo@univmed.fr 
LEST UMR 7317, CNRS - Aix-Marseille Université, 35 avenue Jules Ferry, 13626 Aix en Provence Cedex 01, France 
Abstract 
Aspects of knowledge transfer between science and technology have evolved to include micro- 
and macro-levels of analysis. The actual mechanisms of transfer, be they through codified or tacit 
sources, have long been debated but very rarely measured to completeness. In a bibliometric 
approach, we develop a novel method for mapping science-technology flows and clusters. We 
use the patents and publications of an individual, to quantitatively and visually demonstrate the 
degree and direction of knowledge influences of ideas generated in academia and implemented in 
industry. We examine the level of exogenous and endogenous knowledge sources and the role of 
co-inventors and co-authors in the application of university-generated knowledge. We find clear 
linkages between base knowledge and skill sets and their application to a technology, that in 
some instances span over twenty-five years. Our method and results further the potential for 
meaningful evaluation and examination of innovation policies and models. 
Introduction 
There has been a burgeoning interest for some time, as found in the literature, addressing the 
specific aspect of knowledge transfer and its related mechanisms including those of university 
start-ups and spin-offs. Start-ups and spin-offs (the terms being somewhat interchangeable), 
involve the transfer of knowledge from a host organisation, be it a university or firm, to a new 
entity, either based upon a specific technology or scientific result (Carayannis & al., 1998). 
Knowledge transfer can take various forms, such as technology or skills (Steffensen & al., 2000), 
contracts or collaboration (Agrawal & al., 2006), and codified in publications and patents or tacit 
(Cohen & al., 2002). But key to knowledge transfer is that a firm or a person needs absorptive 
capacity, the ability to incorporate new knowledge from various sources into the current research 
processes (Cohen, Wesley & Levinthal, 1990).  
 
                                                 
1 This work was supported by a JSPS/CNRS Grant (DP) and AixMarseille University (KS). The authors would like 
to thank Cristian Martínez, Julie Petidant and Guillermo Lopez Palacios for their work on collecting and processing 
data.  
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We examine the codified dimension of knowledge transfer mechanisms, using bibliometrics. We 
use publications as indicators of scientific activity and output, and patents as indicators of 
technological activity and output. Our contribution in this paper is a method that shows the network 
of products, patents, basic research, and knowledge sources of individual inventors in a coherent 
form. This enables us to link specific corpora of output—both patents and publications—on the 
level of the individual researcher and/or artefact. In the paper we discuss briefly the use of patents 
and publications, the concept of absorptive capacity, and previous work in this field. The core of 
the paper is the description of the method, the descriptors and indicators, and the case results. We 
end with the conclusions and discuss the potential applications and future work.  
 
Patents and publications as proxy indicators of technological output 
The use of patents as indicators was pioneered by Schmookler (1966) and have been used as 
indicators for multiple purposes. Typical indicators rely on patent meta-data including title 
words, abstract words and keywords (Courtial et al., 1993; Engelsman & van Raan, 1994), patent 
classifications (Leydesdorff, 2008; Tijssen & Van Raan, 1994),  and patent/non-patent citations 
(Karki, 1997; Meyer, 2001).  
 
Publications are the most visible outcome of scientific endeabours with an extensive range of 
indicators for the defining characteristics and development of science. The analysis of 
publications shares a number of analytical approaches with patent analyses, such as word 
mapping (Callon & al., 1991) and citation analysis (Garfield & Welljams-Dorof, 1992; White & 
McCain, 1998). Using co-occurrences of combinations of words and cited references in 
publications is also becoming a common technique (Braam & al., 1991; van den Besselaar & 
Heimeriks, 2006).  
 
Knowledge utilisation 
Absorptive capacity 
The organisational infrastructure required for facilitating the development and transfer of 
knowledge depends heavily on the recipient knowledge platform. The knowledge assets (Nonaka, 
1994), sector roles (Baba & al., 2009) and bidirectional science-push and demand-pull concepts 
(Langrish & al., 1972), factor into the knowledge base’s receptivity. This receptivity is known as 
‘absorptive capacity’ (Cohen, Wesley & Levinthal, 1990) and can best be described as  “[t]he 
ability of a firm to recognize the value of new, external information, assimilate it, and apply it to 
commercial ends is critical to its innovative capabilities,” (p.128). This can also be adapted to 
include the individual as well as the firm. 
 
Absorptive capacity may also be considered on an individual level, in that the absorptive capacity 
of a firm is tied to its constituent individuals’ absorptive capacity, i.e. the right personnel are in 
place to take advantage of incoming information.  
 
Previous work  
Previous studies typically utilise text-mining approaches or citation matching to provide a linkage 
between patents and publications. Text-mining approaches generally involve methodology that 
identifies topical clusters in patents and publications using words (title, abstract, or full text) and 
links the two corpora together through the similarities between the topical clusters. Citation 
matching involves extracting the bibliographic non-patent literature references (B-NPLRs) from the 
patent documents and finding the corresponding twin in whichever publication database one uses.  
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Mogoutov & al. (2008) use a combined approach to map innovation in the biomedical field of  
microarrays. Relevant concepts are extracted from multiple datasets, namely those of 
publications, patents, and research project data. A matching algorithm links the datasets through 
their shared concepts. They specifically try to avoid using pre-determined topic areas or research 
areas, to allow some qualitative room for interpretation after the matching has been completed. 
Mogoutov et al. are careful to note that it is not possible to group all the datasets together and 
then extract the concepts for all simultaneously. This is due to differing terminologies across 
datasets. Magerman & al. (2010) provide a very thorough review of the state of the art of the 
text-mining approach. In addition, their study tests the effectiveness of distance measures when 
linking patents and publications via text-mining. With only 30 patents and 437 publications, 
Magerman et al. use a smaller dataset than what is typically encountered. These are notable 
figures as oft-used similarity distance measures rely on large datasets to provide higher-quality 
matching outcomes and Magerman & al. find the overall number of records does play a 
significant part in linking patents and publications. The size of the sample and changing 
vocabulary over time (audience and indexer effects (Leydesdorff, 1989; Whittaker, 1989)) within 
a field of science leads to less-accurate results over time. Text mining is typically a resource 
intensive approach, and requires extreme care due to the complex nature of linguistic behaviours 
and anomalies.  
 
Regarding NPLRs in patents, a consideration to make is the issue of the number and nature of 
citations to literature (Callaert & al., 2012; Callaert & al., 2006; Looy & al., 2003; Tijssen, 
2001). What is generally understood and accepted is that the presence of citations to literature in 
patent documents indicates a cognitive link to, or awareness of, the related scientific concepts 
(Tijssen, 2001). Additionally, the move to include in-text non-patent literature references (IT-
NPLRs) is a recent development as the availability of extraction tools for full-text documents has 
increased Tamada (2006).  
 
Method  
We have previously developed a method (Horlings & Gurney, in-press) that allows the specific 
research trails an individual has developed, to be visualised in a uniquely clear manner. We have 
built upon this method by adding patent applications, of which the individual researchers are 
listed as inventor, to their corpus of publications. The thematic and knowledge base aspects of the 
patents and publications are linked, not through direct citations by patents to the publications, but 
through shared thematic or topical research areas. Even if the patent document does not cite the 
individual’s publication corpus directly, other cited literature may cluster within the individual’s 
areas of expertise. This approach results in a tangible, visible, shared knowledge base between 
the patent and publication. This can be interpreted in multiple ways such as on a general 
knowledge and minimum required skill-set level through inspection of the research topic, and in a 
more detailed manner by including inspection of the IPC classifications of the patents. Thus the 
degree and subject of actual knowledge transfer via codified mechanisms and the degree of 
absorptive capacity can be calculated and elucidated. 
 
Case selection 
Our case study involves a prominent Japanese biotechnology researcher, Prof. Yusuke 
Nakamura, who is heavily involved in cancer therapeutics at the University of Tokyo, where he 
was head of the Human Genome Center. Prof. Nakamura founded OncoTherapy Science Inc. 
(OTS) in April of 2001. 
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Prof. Nakamura maintains direct links between his research at the University of Tokyo and 
research conducted at OTS. This enables us to draw upon his extensive publishing history as well 
as his numerous patenting activities, both at the University of Tokyo and OTS.  
 
Data collection 
Many patent databases exist, each with their own idiosyncratic advantages and disadvantages. 
Some differences stem from the databases themselves whilst others relate to the practices of 
different national or supranational patenting offices. In our study we use the PatSTAT database 
prepared and developed by the EPO. For our publication data, we use the Thomson Reuter’s Web 
of Science (WoS) as our primary source of publication data, supplemented by CV data from the 
scientists involved. 
 
The sources and type of data come from:  
1. Patents—all patent applications with OncoTherapy listed as an applicant were extracted 
from the EPO PatSTAT database (2000-2008)2
2. Publications
 with all inventors; and all patent 
applications with Prof. Nakamura listed as an inventor or assignee, and OncoTherapy as 
assignee (2000-2008).  
3
These base data were parsed using SAINT
—all publications with OncoTherapy listed as an institution were 
downloaded from WoS (all up to 2011); and all publications with Prof. Yusuke Nakamura 
listed as any of the authors. 
4 2009 ( ) and managed in a relational database. Further 
data were collected from the patents, specifically, where found in any application: 
3. In-text non-patent literature references (IT-NPLRs)—citations to publications visible in 
the body of the patent. These IT-NPLRs were automatically extracted from the full-text 
versions of the patent documents by custom software.  
4. Bibliographic NPLRs (B-NPLRs)—these are citations included primarily by the examiner 
and added as front-page references. 
 
All patent applications were then grouped according to their first filing, with the priority patent 
(the first to be filed) representing the collective5 Martinez, 2010 ( ). This is to account for 
variations in NPLR reporting and inclusion across different patenting offices. A second reasoning 
is that any derivative applications are close extensions of the priority patent, thus one could 
expect the NPLRs from the collective to extend to the other applications in the group. Further 
references in this paper to these patent collectives use the term ‘priority patent’ to mean the 
priority patent application representing the collective. 
 
The NPLRs were then normalised for search of their twin in WoS. If there were no NPLRs linked 
to any given priority patent, the NPLRs of derived citing patent applications (i.e. applications 
                                                 
2 Patents up to 2008 were chosen as there is considered to be a delay in the completeness of patent data in PatSTAT. 
2008 was chosen as the last year as we could be more certain that all possible patent data was included. 
3 English language only. 
4 SAINT (Science-system Assessment Integrated Network Toolkit—a Rathenau Instituut open-source software suite 
designed to parse, clean and organise bibliometric data to be later used in relational database software such as MS 
Access and MySQL. 
5 Single-priority based families are collections of patent applications that claim a specific application as the first or 
priority application. The priority patent is included in the collection. 
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citing the original application as priority patent) were included. Both NPLR sets were parsed and, 
as far as possible, their WoS publication equivalents found. A manual check was performed to 
see if the retrieved documents matched the original NPLR. If any discrepancies in meta-data were 
found, the records were not utilised in any further analysis. The verified documents were then 
parsed and processed together with Prof. Nakamura’s publications to create a master publication 
database. The origins of each document within the combined set were recorded.  
Publication similarity calculations 
Publications are clustered by their shared combinations of title words and cited (van den 
Besselaar & Heimeriks, 2006). The degree of similarity is calculated using the Tanimoto 
coefficient (a derivative of the Jaccard similarity coefficient): 
)NN(N
NB)(A,
ABBA
AB
−+
=τ  
Where NA is the count of word-reference combination tokens in A, NB is the count of tokens in B 
and NAB is the count of tokens shared between A and B. Clusters of publications were 
automatically assigned by a community detection algorithm (Blondel & al., 2008) within SAINT. 
The algorithm groups publications based on their degree centrality and relative weights of edges 
between nodes.6
 
  
Visualising patents and publications 
By combining both sets of NPLRs and an individual’s publications and re-calculating the similarity 
and community assignments, we are able to place the NPLRs within the frame of the individual’s 
overall research corpus. The priority patents are linked to these NPLRs and thus to the research 
trails of the individual. Figure 1 gives examples of this. Noted within Figure 1 are different cases of 
interest.  
 
 
Figure 1. Stylised representation of publication and priority patents and NPLR clustering of an individual 
researcher. Research communities are labelled A-E. Priority patents are found at the top of the image and are 
labelled as such. Areas of interest are labelled 1-4, and cited NPLRs are represented by dashed line squares. 
                                                 
6 For a more detailed explanation of clustering algorithms in general, see Palla et al. (2005). Uncovering the 
Overlapping Community Structure of Complex Networks in Nature and Society. Nature, 435 (7043), 814-818. For a 
comparative analysis of Blondel et al’s algorithm versus others’ see Lancichinetti and Fortunato Lancichinetti, & 
Fortunato. (2009). Community Detection Algorithms: A Comparative Analysis. Physical Review E, 80 (5), 056117. 
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In area 1, the priority patents reference publications that fall into the same overall research trail as 
the researcher, but before they have started publishing in that specific trail. In area 2, the NPLRs 
cited are grouped within the same research trail as the individual but after their last publication in 
that area. In area 3, there are continuous references to publications over time in a research trail 
that the individual is still active. In area 4, NPLRs cited by priority patents form a new 
community E* in which the individual has no presence. Community D is significant as there are 
no NPLRs cited by the patents co-located in that research trail i.e. the research community (and 
subjects) is populated solely by non-cited publications of the individual.  
 
Using this approach to analysis and visualisation, we are able to place simultaneously the 
scientific output (publications) of Nakamura within the same frame as the technological output 
(patents). The linking method of clustering the NPLR and base publication data allows us to draw 
conclusions based on the similarity between the scientific work undertaken by Nakamura and the 
technological output of which he is a primary inventor.  
 
Descriptors and Indicators used 
From the processed data, we are able to develop descriptors of the degree of similarity between Prof. 
Nakamura’s publication corpus and the patent application of which he is an inventor. These 
descriptors, in general terms, describe the level of endogenous versus exogenous (to the individual or 
research group) knowledge influences on an individual’s output. This allows for specific descriptions 
of the degree of utilisation of codified knowledge transfer mechanisms, the transmutation of 
fundamental knowledge to applied knowledge, and absorptive capacity. These descriptors include: 
 
1. The relative number of Prof. Nakamura’s publications cited by patent applications 
- This would signify degree of importance of Prof. Nakamura’s specific research to the 
technologies. 
2. The relative number of NPLRs that fall into the same research trails as Prof. Nakamura’s, 
versus the number that constitute their own separate trails 
- This would highlight if Prof. Nakamura’s overall research trajectory is, or is not, 
located in the field(s) of research necessary for the technologies. 
3. The number of NPLRs of which Prof. Nakamura’s co-inventors are authors of 
publications and which Prof. Nakamura is not an author 
- This serves to highlight the degree of input and influence that Prof. Nakamura’s 
fellow researchers and inventors have on the technologies. 
4. The number of research trails of Prof. Nakamura preceded by cited NPLRs that fall into 
the same research trail (Area 1 in Figure 2) 
- This is to determine if Prof. Nakamura incorporated context-specific skill sets 
acquired during the development of the technologies and applied them to further his 
fundamental scientific research. 
5. The relative duration that publications in a research trail are cited by patent applications 
i.e. for how many years is a particular trail cited by patents 
- This is to determine if a specific research field has proven to be integral in the long 
term to specific technologies. 
6. The growth patterns in publications preceding and following patenting activity 
- This indicates the importance of the field, as judged by Prof. Nakamura himself, to the 
level of interest and belief in the development of the technologies and any 
requirements for further fundamental research related to the technologies.  
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Results 
Data Summary 
Table 1 shows a summary of the various data collected. The number of OncoTherapy patent 
applications (242) is quite large, which may not be typical of most companies in this field. The 
breadth of the patent applications, as exemplified by the number of INPADOC families (90) is 
also large. Prof. Nakamura is a prolific author with, in 2011, 931 publications to his name. The 
numbers of NPLRs (both B- and IT-) are higher than we expected, with 2037 in total and 525 
unique NPLRs with higher counts of IT-NPLRs than B-NPLRs. The inclusion of IT-NPLRs 
allowed a potentially broader and deeper link to what the applicant or inventor would consider as 
integral to the technology being patented. We considered both sources of NPLRs as equally valid 
for our methodology in terms of linking concepts drawn upon in the patent application. Each 
actor in the patent application process has contributed their own—equally valid—expertise as to 
what aspects of the underlying sciences contributed to the technology represented in the patent.  
 
The number of co-inventors’ publications cited by patent applications, excluding the publications 
co-authored by Prof. Nakamura is lower than the number of Prof. Nakamura’s publications cited 
by the applications. More detailed data regarding the co-inventors are presented in Table 2. The 
most prolific co-inventor of Prof. Nakamura is Shuichi Nakatsuru of OncoTherapy. This 
individual is co-inventor on 67 of the patent applications, yet only 2 publications with Mr. 
Nakatsuru as co-author. 
 
Table 1. Summary of data collected for analysis. 
Category Specific details Value 
Patent applications 
Count of patent applications with Onco-Therapy listed 
as Assignee and Prof. Nakamura as Inventor (2000-
2008) 
242a  
(115 Priority patent app.) 
Count of INPADOC families 90 
Publications Count of Prof. Nakamura publications retrieved from WoS. 
931b 
(786c pre-2009)  
NPLRs 
Count of  unique NPLRs found (and matched to WoS) 
in all patent applications 
525d unique  
(2037 total) 
In B-NPLR only 147e 
In IT-NPLR only 313f 
In both B-NPLR & IT-NPLR 65g 
NPLR citations 
Count of Prof. Nakamura's publications cited in NPLR 
(% = x/d) 55 (10%) 
In B-NPLR only (%=x/e) 18 (12%) 
In IT-NPLR only (%=x/f) 19 (6%) 
In both B-NPLR & IT-NPLR (%=x/g) 18 (27%) 
Co-Inventors 
Count of Prof. Nakamura's Co-Inventors publications 
cited in NPLR (EXCLUDING publications co-
authored by Prof. Nakamura) 
9 
In B-NPLR only (%=x/e) 2 (1.5%) 
In IT-NPLR only (%=x/f) 5 (1.5%) 
In both B-NPLR & IT-NPLR (%=x/g) 2 (9%) 
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From Mr. Nakatsuru’s publication address, he is a researcher at OncoTherapy with no academic 
address given. The next most common co-inventors are all university based researchers, with 
many co-authored publications with Prof. Nakamura. These appear to be his fellow researchers at 
the University of Tokyo. Takuya Tsunoda is an interesting case as he is a frequent co-author and 
co-inventor of Prof. Nakamura and is both a fellow researcher at the University of Tokyo and a 
member of the research team at OncoTherapy.  
 
Table 2. Top co-inventors/co-authors of Prof. Nakamura. 
Co-inventor/  
Co-author 
Count of Patent 
Applications 
Count of 
Publications 
Co-author  
Affiliation 
NAKATSURU, S 67 2 OncoTherapy 
FURUKAWA, Y 35 101 Uni. of Tokyo 
DAIGO, Y 32 101 Uni. of Tokyo/Shiga Uni. 
KATAGIRI, T 31 126 Uni. of Tokyo/Uni. of Tokushima 
TSUNODA, T 18 111 OncoTherapy/Uni. of Tokyo/Wakayama Med Univ. 
NAKAGAWA, H 15 32 Uni. of Tokyo/RIKEN 
 
Visualisation 
The striated clustering technique demonstrates the development over time of the different subject 
areas in which the output of Nakamura and Oncotherapy are related. The resulting figures are all 
composite images in which the various data sources—Nakamura publications, OncoTherapy 
priority patents, IT-NPLRs and B-NPLRs are grouped.  
 
Figure 2 is a general overlay picture demonstrating the community relations and research trails of 
Prof. Nakamura and between all communities of publications and priority patent. The positioning 
of NPLRs is noted on the figure. The varying intensity of publishing activity in specific trails of 
research can clearly be seen with some trails experiencing extreme bursts of activity such as that 
in Community 18 and 7. The origins of the most persistent communities, 1 and 2, focus around 
Prof. Nakamura’s PhD projects and these appear to be his primary focus for almost 20 years. 
Soon after, his work diverges into other areas, such as seen in community 5 and soon after 
communities 13-18. 
 
To provide some topical context to the publication communities, Table 3 provides an overview of 
each publication community based on expert examination of the top 10 (by count) defining 
keywords, journals and title words.  
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Table 3. Topical summary of publication communities. 
Community Summary Community 
(con.) 
Summary (Con.) 
1 
Cell biology, nucleic acids, 
proteins, polypeptides, factor 
regulation 
11 Pharmacology, analogs, glycines 
2 Gene-mapping, novel genes, human genes 12 Methylation (histone and glycine),  
3 RNA 13 Gene expression, cdna microarrays 
4 Cancer gene expression 14 Phospholipase, cell receptors 
5 breast cancer, gene mutation 15 OLETF rats, diabetes 
6 Mouse liver 16 Congenital disorders 
7 
Gene expression, cancer 
(prostate, liver, pancreas), 
therapeutic targets 
17 Hepatology 
8 Endocrinology, mouse-human models, porcine spinal-cord 18 Japan and population specific cancers 
9 Lymphocytes, melanomas, peptides, antigens 19 NFAT mechanisms and inhibition 
10 Endometriosis, fertility and sterility     
 
In terms of NPLRs and their positions, some areas of interest include communities 1 and 2, in which 
the research themes and directions of Nakamura, whilst not being cited directly by the patents, are co-
located with NPLRs that fall into the same themes. This indicates that the knowledge utilised in the 
patent applications are conceivably derived from the skill sets and knowledge base of Nakamura. In 
some communities there are very few Nakamura publications but the patent applications cite 
publications extensively from these communities. Some examples of these include communities 4, 8 
and 9. In community 7 and 13, Nakamura’s publications are cited directly by the applications. 
Community 7 displays an interesting characteristic in that the cited NPLR are the only publications in 
that community from as early as 1987. Shortly after the publication of the patent applications there is 
a large amount of publishing by Nakamura in this community, and Nakamura’s publications are 
further cited by subsequent applications. 
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Figure 2. Development over time of different communities of publications and priority patents and 
positions of NPLRs in reference to publication communities over time. ‘Nakamura only’ nodes are all 
publications of Nakamura NOT cited by priority patent. ‘NPLR only’ are publications NOT authored by 
Nakamura and cited by priority patents.  ‘Both Nakamura and NPLR’ are publications by Nakamura that 
are cited by priority patents. 
 
Our initial explanation for this centred about the need for researchers to avoid publishing whilst 
preparing a patent application to avoid there being any prior art. However, in community 13, 
Nakamura publishes extensively in this research theme prior to patenting. This contradiction 
would imply that the research conducted whilst preparing the technology that would eventually 
lead to its related patents, stimulated scientific research resulting in more publications in this 
community. 
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Figure 3. Co-inventors in Nakamura and NPLR publications. Nodes have been coloured to 
demonstrate in which publication sources co-inventors of Nakamura are to be found. 
 
Figure 3 shows the presence of Prof. Nakamura’s co-inventors as authors of publications. We 
expected that some of the heavily cited NPLRs to be authored by Nakamura’s co-inventors, but in 
communities 4, 8, 9 and 12 (NPLR only communities—see Figure 2) there is no presence of any of 
Nakamura’s co-inventors. This implies that the knowledge represented by these communities was 
incorporated from outside of Nakamura’s scientific network and knowledge base, demonstrating a 
degree of absorptive capacity on the part of Nakamura and OncoTherapy.  
 
In Figures 2 and 3, community 18 is very interesting in that it is the only community to not be 
cited by the patents. There is a large presence of Nakamura’s co-inventors as co-authors, it is 
highly cohesive in its structure and yet this community is not cited. This may indicate the 
forefront of a new technology that is actively being prepared by Nakamura and his fellow 
researchers. 
 
Methodological extensions 
This methodology serves as a proof of concept and numerous extensions of the method are being 
performed for a follow-up paper. Due to space constraints we were not able to add full 
descriptions of what research topics are under study, and what technological areas the patent 
applications cover. The extensions address this and include a topic map of the patent applications 
as per their IPC classifications. By linking the publication topic clusters to the IPC-clustered 
patent applications, and noting their publishing date, a more accurate longitudinal description of 
the technologies represented and their associated science links is possible. A second extension is 
that of incorporating the funding acknowledgements found in publications, and linking the 
research conducted with the help of these funds, to the eventual patent output. The ability to add a 
detailed ‘dollars-per-publication-per-patent’ metric is useful to universities, funding organisations 
and policy makers. A third extension currently being employed is in examining the role of 
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universities as development grounds for spin-offs and scientific entrepreneurs. By using the 
author university-affiliation data, and linking this to subsequent patent applications, in a thematic 
or topical manner, this extension provides for multiple analytical approaches to knowledge 
transfer between academia and industry. 
 
Also planned is to specify from which section of the patent application (claims, previous work 
etc) the IT-NPLRs are found. This would allow us to link specific publications (and 
communities) to specific aspects of the patent application, giving a more meaningful view of 
what knowledge sources are required for the methodology employed by the patent application 
versus what is considered background knowledge. 
 
Summary and conclusion 
The complex characteristics of knowledge production, incorporation and dissemination related to 
product development lead to a similarly complex model. With multiple aspects to knowledge 
capture mechanisms, some relying on codified and/or tacit knowledge sources, the metrics 
available to flesh out our model are not all-encompassing or universal. As such we are limited by 
our choice of indicators to what mechanisms we can study. However, with modifications to 
standard methodologies, we can open the door to illustrating some of the more intangible aspects of 
knowledge capture mechanisms through the use of codified knowledge sources only. 
 
Through our processing and visualising method, we are able to demonstrate the thematic links of 
the inventor’s patent output and the inventor’s knowledge base and skill sets, as represented by 
their publication output. This marks a departure from previous methodologies that relied on direct 
NPLR citations in order to adjudge the direction and degree of influence from an individual or a 
field in general.  
 
This type of analysis is furthered by taking into account the influence of co-inventors on the 
melding of knowledge required for technological output. This could potentially allow us to 
determine the level and field of contribution from the respective inventors in terms of the base 
knowledge required for the technology development. The institutional affiliation of the inventors 
(as determined by their publications) also allows an institutional-level approach to the level of 
knowledge contribution of the technologies. 
 
The directional aspects of linkages between science and technology can be examined closely 
through our method, allowing a quantitative figure to be reached as how effectively, and from 
where exactly, an idea generated in academia is translated into an industrial application.  
 
We are of course fortunate in our selected case as the individual responsible for much of the growth 
and success of OncoTherapy straddles the academic and industrial aspects of knowledge transfer. His 
research is both fundamental (at his university setting) and applied (in OncoTherapy’s appropriation 
and implementation). In both aspects he has direct influence on the outcome of the research 
performed. A shortcoming of this is that to implement this type of study on more diverse 
technologies, with more diverse actors will require more data cleaning and processing. 
 
We believe this method of mapping science to technology could deepen our understanding of the 
level of contribution of not only individuals, but also of specific institutional policies or systemic 
models. Additionally the evaluation of models can be tested more completely by examining the 
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relative contributions of exogenous or endogenous sources of knowledge. Our method can then 
be furthered to include tacit knowledge aspects of knowledge transfer mechanisms such as those 
found in contract R&D and collaborations. 
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